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Applications of Eigenvectors
to AIRS Data

NESDIS 1s processing and distributing AIRS data and
products in near-real time to NWP centers.

Data size 1s very large compared with current sounders
(1 orbit ~ 2GB vs. 8 MB)

Information is not independent. Eigenvectors provide an
effective way to extract independent pieces of information.

Eigenvector expansion coefficients (principal component
scores) can be provided instead of the individual channels.

Individual channels can be reconstructed with minimal
signal loss.
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Principal Component Analysis

e Principal component analysis (PCA) 1s often used to reduce data
vectors with many components to a different set of data vectors with
much fewer components that still retains most of the variability and
information of the original data

e R = rigy+trit+tri+... + r.i
where i, =(1,0,0,0,0....0,) ; i, =(0,1,0,0,0....0.)

e Data are rotated onto a new set of axes, such that the first few axes have
the most explained variance.

e R= pE+tpE,+p,E;+ ...+ p E
where E are eigenvectors and p, = RE,

So instead of R vectors of length n, we can have a truncated P vectors
of length m, where m <<n



Eigenvectors are used for

e Data compression

* (Quality control

e Retrievals of geophysical parameters
» Atmospheric temperature, moisture and ozone

» Surface temperature and emissivity



Generating AIRS eigenvectors

e Each AIRS data vector has 1524 radiance values
(Efforts are being made to expand it to over 2000).

 The radiances are normalized by expected instrumental
noise (signal to noise)

 Compute the covariance matrix S

 Compute the eigenvectors E and eigenvalues A
S=EAE"

 E = matrix of orthonormal eigenvectors (1524x1524)
N\ = vector of eigenvalues (explained variance)



& Applying AIRS eigenvectors

* On independent data — compute principal component
scores.

« P = E'R ; elementsofR =(r-r1,)/n,

* Invert equation and compute reconstructed radiances R*.
« R* = EP

* Reconstructed radiances are used for quality control.

* Reconstruction score = [ 1/N 3(R*. - R,)? 12
1=1 ....N channels



W AIRS applications

* AIRS is currently being processed and distributed in
near-real time.

« Each day a spatial subset of AIRS data is produced
(200 mbytes vs 30 GB full data)

« Eigenvectors are generated daily.

» A static set of eigenvectors is used, but the ensemble
IS occasionally updated with new structures.

 When the ensemble is updated a new set of
eigenvectors is also updated.

e QOccasional bad channels can be synthesized from
neighboring/most correlated channels.
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Compare the observed and reconstructed — a window channel

— Observed AIRS [966.23cm—1] Reconstruc AIRS [966.23cm—1]
uscendlng, 2(}(}3 Muy 18 uscendlng, 003 Muy 18
e L e LI 159 Ry s ] AP L) 219
06 306
292 292
275 275
265 265
25% 25%
238 23R8
275 225
211 211
198 160 1200 B ) “BiE 1506 160 198
descending, 2003 May 18

Q‘D r['-:.l'_.'l. Il'."[TI'II'If_'I'F'I_'II'. [ o i ol L I'I"IP'["II"I'J'H 'I'|_'.'|_"J___ﬂ'_l'_.'ﬂ'_f'f'._l___'l‘ll.' 519 ‘519
206 206

B0
20% 0%
a0 2789 278
285 285

0
262 262
-x 238 238
205 2258

—ED
211 211
— 198 198

QD B - -'.' o] -.'I |-'| .- _{]I . o] s |'| I i |
—-180 —-120 -G 0 60 120 180 —-1an -120 -6 0 &0 120 180



Reconstruc—0bs, AIRS [966.23cm—1] Reconstruc AIRS [966.23cm—1]
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Noise filter

* Truncating eigenvectors also results in noise
filtering.



Spectrum from 892 to 902 wavenumber
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Monitoring Eigenvectors

* Monitoring eigenvectors is critical

« Bad channel can be found out by monitoring
the reconstruction scores and the difference
between the reconstructed and the observed
radiances.
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w;} AIRS NEDT vs. RMS of Reconstruct Radiance

Aacanding APR 22, 2003, O<acore<1, sample: 31830 (86.1835X)

SA0 70 7RI B 850 i 85 10 1060 11681 1150 1ar

o I I ; ; I I ; ;
2200 2A2R0 2300 2380 2400 2450 AR00 2ERQ 2800 ZRE0 2700
Frequenscm—1]



Indx freq.  Nedt aveob/avere s<lasc s<ldesc 1<s<l.5a 1<s<l.5d 1.5<s<2 a 1.5<s<2d s>2a s>2d

b
=]
™
'_I.
LA

418 0.354 0.338 0338 0311 0.323 0.350 0342 D425 0.447

]
-]
|
=
0

0.200 0.300 0314 0318 0375 0371 0.385 0.398

]
i
=[]
S|
oy

419 0.285

]
=]
™
=
o

420 0.349 0330 0328 0.298 0311 0321 0333 0414 0433

[
~-]
~=]
[
[}

74,

421 0314 0.318 0321 0254 0.30% 0325 0358 0.508 0.507

422 0.338 0378 0382 0.3%s 0.3%a 0.487 0.508 0.58% D.als

3|3 [ e | B2
b | e S
?‘% o
L3 -l
3|0 | [

]
=]
™
=
5]

423 0.44% 0.585 0.580 0658 0628 0.814 0724 0.743 0.788

o]
=153
=i f~a
i
|||

424 0281 ' 0.277 D278 D255 0252 D278 0.281 0.403 D428

27708

76.84
276.85

717
0.2%5 =5 47 0344 0315

7540
0.393 g?égi 0.379 0.379 0351 0375 0393 0.440 0.605 | 0.643

E

425 0424 0.437 0.441 0.387 0.405 0391 0422 D.4a85 0455

E

0.s808

426

[

:

437

:

428

429 0482 0125 0128 0225 0212 0325 0262 0428 0435

[
i L
o |
a1
Blen

)
|
o
o
i

420 0.542 0.520 0589 0.595 0.520 0683 0841 0.6291 0.804

o]
=353
o || e
e llin
wap-llo

421 D285 0.289 0291 0257 D278 0312 0.202 0.408 0423

]
=]
o
oo

432 0498 0.483 0485 0.453 0455 0.482 0.508 D.622 0.827

]
O
o |
B
Ol

b
=]
o
Lo
0

423 0.287 0292 0292 0.2&84 0.274 0295 0202 0395 0358

434 0418 0412 0412 0.378 0385 0.405 0392 0.452 0.50%

[
=]
o
|
o




QA Flag: 64- Bad Telemetry 128- High Noise
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Compression Factors

o 200 pc scores ~ 9.5 % of the total (lossy compression).

* For near lossless compression. Store 80 pc scores plus the
residual. The residual can be stored as 1 byte as long as
residual is +- 1.28 K. Allows for both noise filtering and lossless
compression.

 Not all channels will be within +- 1.28 K, but no more than 20
channels per fov.

 Full data set 2100 x 4 bytes = 9400
« Compression 80 pc x 4 bytes + 2100 ch x 1 byte + 20 outliers x
4 =2500 ~ 27 %

e Bit trimming can provide even greater lossless data compression
(perhaps 10%).




Summary

« All sky eigenvectors
* Monitor reconstruction scores
* Quality control and bad channel handelling

* Provide to NWP centers 200 pc scores
(normalized by sqrt(eigenvalues)).

* Also provide subset of individual channels (to
monitor the reconstruction).

* Need additional work to study noise filtering
feature of eofs.



	The Use of Principal Components Analysis (PCA) in Processing AIRS Data
	Applications of Eigenvectors to AIRS Data
	NWP  Users
	Principal Component Analysis
	Eigenvectors are used for
	Generating AIRS eigenvectors
	Applying AIRS eigenvectors
	AIRS applications
	Noise filter
	Monitoring Eigenvectors
	Compression Factors
	Summary

